Video restoration tasks, including super-resolution, deblurring, etc, are drawing increasing attention in the computer vision community. A challenging benchmark named REDS is released in the NTIRE19 Challenge. This new benchmark challenges existing methods from two aspects: (1) how to align multiple frames given large motions, and (2) how to effectively fuse different frames with diverse motion and blur. In this work, we propose a novel Video Restoration framework with Enhanced Deformable convolutions, termed EDVR, to address these challenges. First, to handle large motions, we devise a Pyramid, Cascading and Deformable (PCD) alignment module, in which frame alignment is done at the feature level using deformable convolutions in a coarse-to-fine manner. Second, we propose a Temporal and Spatial Attention (TSA) fusion module, in which attention is applied both temporally and spatially, so as to emphasize important features for subsequent restoration. Thanks to these modules, our EDVR wins the champions and outperforms the second place by a large margin in all four tracks in the NTIRE19 video restoration and enhancement challenges. EDVR also demonstrates superior performance to state-of-the-art published methods on video super-resolution and deblurring. The code is available at https://github.com/xinntao/EDVR.
Introduction
In this paper, we describe our winning solution in the NTIRE 2019 challenges on video restoration and enhancement. The challenge releases a valuable benchmark, known as REalistic and Diverse Scenes dataset (REDS) [26] , for the aforementioned tasks. In comparison to existing datasets, videos in REDS contain larger and more complex motions, making it more realistic and challenging. The competition enables fair comparisons among different algorithms and promotes the progress of video restoration.
Image restoration tasks such as super-resolution (SR) [5, 20, 41, 18, 45, 52] and deblurring [27, 15, 38] have experienced significant improvements over the last few years thanks to deep learning. The successes encourage the community to further attempt deep learning on the more challenging video restoration problems. Earlier studies [36, 4, 33, 19, 11] treat video restoration as a simple exten-
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Image SR Video SR Figure 1 . A comparison between image super-resolution and video super-resolution (×4). RCAN [52] and DUF [10] are the state-ofthe-art methods of image and video super-resolution, respectively. sion of image restoration. The temporal redundancy among neighboring frames is not fully exploited. Recent studies [2, 48, 37, 32] address the aforementioned problem with more elaborated pipelines that typically consist of four components, namely feature extraction, alignment, fusion, and reconstruction. The challenge lies in the design of the alignment and fusion modules when a video contains occlusion, large motion, and severe blurring. To obtain high-quality outputs, one has to (1) align and establish accurate correspondences among multiple frames, and (2) effectively fuse the aligned features for reconstruction. Alignment. Most existing approaches perform alignment by explicitly estimating optical flow field between the reference and its neighboring frames [2, 48, 13] . The neighboring frames are warped based on the estimated motion fields. Another branch of studies achieve implicit motion compensation by dynamic filtering [10] or deformable convolution [40] . REDS imposes a great challenge to existing alignment algorithms. In particular, precise flow estimation and accurate warping can be challenging and timeconsuming for flow-based methods. In the case of large motions, it is difficult to perform motion compensation either explicitly or implicitly within a single scale of resolution. Fusion. Fusing features from aligned frames is another critical step in the video restoration task. Most existing methods either use convolutions to perform early fusion on all frames [2] or adopt recurrent networks to gradually fuse multiple frames [32, 6] . Liu et al. [22] propose a temporal adaptive network that can dynamically fuse across different temporal scales. None of these existing methods consider the underlying visual informativeness on each frame -different frames and locations are not equally informative or beneficial to the reconstruction, as some frames or regions are affected by imperfect alignment and blurring. Our Solution. We propose a unified framework, called EDVR, which is extensible to various video restoration tasks, including super-resolution and deblurring. The cores of EDVR are (1) an alignment module known as Pyramid, Cascading and Deformable convolutions (PCD), and (2) a fusion module known as Temporal and Spatial Attention (TSA).
The PCD module is inspired by TDAN [40] in using deformable convolutions to align each neighboring frame to the reference frame at the feature level. Different from TDAN, we perform alignment in a coarse-to-fine manner to handle large and complex motions. Specifically, we use a pyramid structure that first aligns features in lower scales with coarse estimations, and then propagates the offsets and aligned features to higher scales to facilitate precise motion compensation, similar to the notion adopted in optical flow estimation [7, 9] . Moreover, we cascade an additional deformable convolution after the pyramidal alignment operation to further improve the robustness of alignment.
The proposed TSA is a fusion module that helps aggregate information across multiple aligned features. To better consider the visual informativeness on each frame, we introduce temporal attention by computing the element-wise correlation between the features of the reference frame and each neighboring frame. The correlation coefficients then weigh each neighboring feature at each location, indicating how informative it is for reconstructing the reference image. The weighted features from all frames are then convolved and fused together. After the fusion with temporal attention, we further apply spatial attention to assign weights to each location in each channel to exploit cross-channel and spatial information more effectively.
We participated in all the four tracks in the video restoration and enhancement challenges [29, 28] , including video super-resolution (clean/blur) and video deblurring (clean/compression artifacts). Thanks to the effective alignment and fusion modules, our EDVR has won the champion in all the four challenging tracks, demonstrating the effectiveness and the generalizability of our method. In addition to the competition results, we also report comparative results on existing benchmarks of video super-resolution and deblurring. Our EDVR shows superior performance to state-of-the-art methods in these video restoration tasks.
Related Work
Video Restoration. Since the pioneer work of SRCNN [5] , deep learning methods have brought significant improvements in image and video super-resolution [20, 41, 18, 23, 49, 50, 2, 22, 32, 37, 48] . For video super-resolution, temporal alignment plays an important role and has been extensively studied. Several methods [2, 37, 32] use optical flow to estimate the motions between images and perform warping. However, accurate flow is difficult to obtain given occlusion and large motions. TOFlow [48] also reveals that the standard optical flow is not the optimal motion representation for video restoration. DUF [10] and TDAN [40] circumvent the problem by implicit motion compensation and surpass the flow-based methods. Our EDVR also enjoys the merits of implicit alignment, with a pyramid and cascading architecture to handle large motions.
Video deblurring also benefits from the development of learning-based methods [12, 24, 30, 34] . Several approaches [34, 51] directly fuse multiple frames without explicit temporal alignment, because the existence of blur increases the difficulty of motion estimation. Unlike these approaches, we attempt to acquire information from multiple frames using alignment, with a slight modification that an image deblurring module is added prior to alignment when there is a blur. Deformable Convolution. Dai et al. [3] first propose deformable convolutions, in which additional offsets are learned to allow the network to obtain information away from its regular local neighborhood, improving the capability of regular convolutions. Deformable convolutions are widely used in various tasks such as video object detection [1] , action recognition [53] , semantic segmentation [3] , and video super-resolution [40] . In particular, TDAN [40] uses deformable convolutions to align the input frames at the feature level without explicit motion estimation or image warping. Inspired by TDAN, our PCD module adopts deformable convolution as a basic operation for alignment. Attention Mechanism. Attention has proven its effectiveness in many tasks [43, 47, 22, 23, 52] . For example, in video SR, Liu et al. [22] learn a set of weight maps to weigh the features from different temporal branches. Nonlocal operations [44] compute the response at a position as a weighted sum of the features at all positions for capturing long-range dependencies. Motivated by the success of these works, we employ both temporal and spatial attention in our TSA fusion module to allow different emphases on different temporal and spatial locations.
Methodology
Overview
Given 2N +1 consecutive low-quality frames I [t−N :t+N ] , we denote the middle frame I t as the reference frame and the other frames as neighboring frames. The aim of video restoration is to estimate a high-quality reference frameÔ t , which is close to the ground truth frame O t . The overall framework of the proposed EDVR is shown in Fig. 2 . It is a generic architecture suitable for several video restoration Figure 2 . The EDVR framework. It is a unified framework suitable for various video restoration tasks, e.g., super-resolution and deblurring. Inputs with high spatial resolution are first down-sampled to reduce computational cost. Given blurry inputs, a PreDeblur Module is inserted before the PCD Align Module to improve alignment accuracy. We use three input frames as an illustrative example.
tasks, including super-resolution, deblurring, denoising, deblocking, etc.
Take video SR as an example, EDVR takes 2N +1 lowresolution frames as inputs and generates a high-resolution output. Each neighboring frame is aligned to the reference one by the PCD alignment module at the feature level. The TSA fusion module fuses image information of different frames. The details of these two modules are described in Sec. 3.2 and Sec. 3.3. The fused features then pass through a reconstruction module, which is a cascade of residual blocks in EDVR and can be easily replaced by any other advanced modules in single image SR [46, 52] . The upsampling operation is performed at the end of the network to increase the spatial size. Finally, the high-resolution framê O t is obtained by adding the predicted image residual to a direct upsampled image.
For other tasks with high spatial resolution inputs, such as video deblurring, the input frames are first downsampled with strided convolution layers. Then most computation is done in the low-resolution space, which largely saves the computational cost. The upsampling layer at the end will resize the features back to the original input resolution. A PreDeblur module is used before the alignment module to pre-process blurry inputs and improve alignment accuracy.
Though a single EDVR model could achieve stateof-the-art performance, we adopt a two-stage strategy to further boost the performance in NTIRE19 competition. Specifically, we cascade the same EDVR network but with shallower depth to refine the output frames of the first stage. The cascaded network can further remove the severe motion blur that cannot be handled by the preceding model. The details are presented in Sec. 3.4.
Alignment with Pyramid, Cascading and Deformable Convolution
We first briefly review the use of deformable convolution for alignment [40] , i.e., aligning features of each neighboring frame to that of the reference one. Different from optical-flow based methods, deformable alignment is applied on features of each frame, denoted by F t+i , i∈[−N :+N ]. We use the modulated deformable module [54] . Given a deformable convolution kernel of K sampling locations, we denote w k and p k as the weight and the pre-specified offsets for the k-th location, respectively. For instance, a 3×3 kernel is defined with K=9 and
The aligned features F a t+i at each position p 0 can then be obtained by:
The learnable offset ∆p k and the modulation scalar ∆m k are predicted from concatenated features of a neighboring frame and the reference one:
where ∆P={∆p}, f is a general function consisting several convolution layers, and [·, ·] denotes the concatenation operation. For simplicity, we only consider learnable offsets ∆p k and ignore modulation ∆m k in the descriptions and figures. As p 0 + p k + ∆p k is fractional, bilinear interpolation is applied as in [3] . To address complex motions and large parallax problems in alignment, we propose PCD module based on wellestablished principles in optical flow: pyramidal processing [31, 35] and cascading refinement [7, 8, 9] . Specifically, as shown with black dash lines in Fig. 3 , to generate feature F l t+i at the l-th level, we use strided convolution filters to downsample the features at the (l−1)-th pyramid level by a factor of 2, obtaining L-level pyramids of feature representation. At the l-th level, offsets and aligned features are predicted also with the ×2 upsampled offsets and aligned features from the upper (l+1)-th level, respectively (purple dash lines in Fig. 3) : where (·) ↑s refers to upscaling by a factor s, DConv is the deformable convolution described in Eqn. 1, and g is a general function with several convolution layers. Bilinear interpolation is adopted to implement the ×2 upsampling. We use three-level pyramid, i.e., L=3, in EDVR. To reduce computational cost, we do not increase channel numbers as spatial sizes decrease.
Following the pyramid structure, a subsequent deformable alignment is cascaded to further refine the coarsely aligned features (the part with light purple background in Fig. 3 ). PCD module in such a coarse-to-fine manner improves the alignment to the sub-pixel accuracy. We demonstrate the effectiveness of PCD in Sec. 4.3. It is noteworthy that the PCD alignment module is jointly learned together with the whole framework, without additional supervision [40] or pretraining on other tasks like optical flow [48] .
Fusion with Temporal and Spatial Attention
Inter-frame temporal relation and intra-frame spatial relation are critical in fusion because 1) different neighboring frames are not equally informative due to occlusion, blurry regions and parallax problems; 2) misalignment and unalignment arising from the preceding alignment stage adversely affect the subsequent reconstruction performance. Therefore, dynamically aggregating neighboring frames in pixel-level is indispensable for effective and efficient fusion. In order to address the above problems, we propose TSA fusion module to assign pixel-level aggregation weights on each frame. Specifically, we adopt temporal and spatial attentions during the fusion process, as shown in Fig. 4 .
The goal of temporal attention is to compute frame sim- ilarity in an embedding space. Intuitively, in an embedding space, a neighboring frame that is more similar to the reference one, should be paid more attention. For each frame i∈[−N :+N ], the similarity distance h can be calculated as:
where θ(F a t+i ) and φ(F a t ) are two embeddings, which can be achieved with simple convolution filters. The sigmoid activation function is used to restrict the outputs in [0, 1], stabilizing gradient back-propagation. Note that for each spatial location, the temporal attention is spatial-specific, i.e., the spatial size of h(F t+i . An extra fusion convolution layer is adopted to aggregate these attention-modulated featuresF
where and [·, ·, ·] denote the element-wise multiplication and concatenation, respectively.
Spatial attention masks are then computed from the fused features. A pyramid design is employed to increase the attention receptive field. After that, the fused features are modulated by the masks through element-wise multiplication and addition, similar to [45] . The effectiveness of TSA module is presented in Sec. 4.3.
Two-Stage Restoration
Though a single EDVR equipped with PCD alignment module and TSA fusion module could achieve state-of-theart performance, it is observed that the restored images are not perfect, especially when the input frames are blurry or severely distorted. In such a harsh circumstance, motion compensation and detail aggregation are affected, resulting in inferior reconstruction performance.
Intuitively, coarsely restored frames would greatly mitigates the pressure for alignment and fusion. Thus, we employ a two-stage strategy to further boost the performance. Specifically, a similar but shallower EDVR network is cascaded to refine the output frames of the first stage. The benefits are two-fold: 1) it effectively removes the severe motion blur that cannot be handled in the preceding model, improving the restoration quality; 2) it alleviates the inconsistency among output frames. The effectiveness of twostage restoration is illustrated in Sec. 4.4.
Experiments
Training Datasets and Details
Training datasets. Previous studies on video processing [21, 10, 34] are usually developed or evaluated on private datasets. The lack of standard and open video datasets restricts fair comparisons. REDS [26] is a newly proposed high-quality (720p) video dataset in the NTIRE19 Competition. REDS consists of 240 training clips, 30 validation clips and 30 testing clips (each with 100 consecutive frames). During the competition, since the test ground truth is not available, we select four representative clips (with diverse scenes and motions) as our test set, denoted by REDS4
1 . The remaining training and validation clips are re-grouped as our training dataset (a total of 266 clips). To be consistent with our methods and process in the competition, we also adopt this configuration in this paper.
Vimeo-90K [48] is a widely used dataset for training, usually along with Vid4 [21] and Vimeo-90K testing dataset (denoted by Vimeo-90K-T) for evaluation. We observe dataset bias when the distribution of training sets deviates from that of testing sets. More details are presented in Sec. 4.3. Training details. The PCD alignment module adopts five residual blocks (RB) to perform feature extraction. We use 40 RBs in the reconstruction module and 20 RBs for the second-stage model. The channel size in each residual block is set to 128. We use RGB patches of size 64×64 and 256×256 as inputs for video SR and deblurring tasks, respectively. Mini-batch size is set to 32. The network takes five consecutive frames (i.e., N=2) as inputs unless otherwise specified. We augment the training data with random horizontal flips and 90
• rotations. We only adopt Charbonnier penalty function [17] as the final loss, defined by
+ε 2 , where ε is set to 1×10 −3 . We train our model with Adam optimizer [14] by setting 1 Specifically, REDS4 contains the 000, 011, 015 and 020 clips. β 1 =0.9 and β 2 =0.999. The learning rate is initialized as 4×10 −4 . We initialize deeper networks by parameters from shallower ones for faster convergence. We implement our models with the PyTorch framework and train them using 8 NVIDIA Titan Xp GPUs.
Comparisons with State-of-the-art Methods
We compare our EDVR with several state-of-the-art methods on video SR and video deblurring respectively. Two-stage and self-ensemble strategies [20] are not used. In the evaluation, we include all the input frames and do not crop any border pixels except the DUF method [10] . We crop eight pixels near image boundary for DUF due to its severe boundary effects. Video Super-Resolution.
We compare our EDVR method with nine algorithms: RCAN [52] , DeepSR [19] , BayesSR [21] , VESPCN [2] , SPMC [37] , TOFlow [48] , FRVSR [32] , DUF [10] and RBPN [6] on three testing datasets: Vid4 [21] , Vimeo-90K-T [48] and REDS4. Most previous methods use different training sets and different down-sampling kernels, making the comparisons difficult. Each testing dataset has different characteristics. Vid4 is commonly used in video SR. The data has limited motion. Visual artifacts also exist on its ground-truth (GT) frames. Vimeo-90K-T is a much larger dataset with various motions and diverse scenes. REDS4 consists of high-quality images but with larger and more complex motions. We observe dataset bias when training and testing sets diverge a lot. Hence, we train our models on Vimeo-90K when evaluated on Vid4 and Vimeo-90K-T.
The quantitative results on Vid4, Vimeo-90K-T and REDS4 are shown in Table 1, Table 2 and Table 3 (Left), respectively. On Vid4, EDVR achieves comparable performance to DUF and outperforms other methods by a large margin. On Vimeo-90K-T and REDS, EDVR is significantly better than the state-of-the-art methods, including DUF and RBPN. Qualitative results on Vid4 and Vimeo-90K-T are presented in Fig. 5 and Fig. 6 , respectively. On both datasets, EDVR recovers more accurate textures compared to existing methods, especially in the second image of Fig. 6 , where the characters can be correctly identified only in the outputs of EDVR. Video Deblurring. We compare our EDVR method with four algorithms: DeepDeblur [27] , DeblurGAN [16] , SRNDeblur [39] and DBN [34] on the REDS4 dataset. Quantitative results are shown in Table 3 (Right). Our EDVR outperforms the state-of-the-art methods by a large margin. We attribute this to both the effectiveness of our method and the challenging REDS dataset that contains complex blurring. Visual results are presented in Fig. 7 , while most methods are able to address small blurring, only EDVR can successfully recover clear details from extremely blurry images. Table 4 (Left), our baseline (Model 1) only adopts one deformable convolution for alignment. Model 2 follows the design of TDAN [40] to use four deformable convolutions for alignment, achieving an improvement of 0.2 dB. With our proposed PCD module, Model 3 is nearly 0.4 dB better than Model 2 with roughly the same computational cost, demonstrating the effectiveness of PCD alignment module. In Fig. 8 , we show representative features before and after different alignment modules, and depict the flow (derived by PWCNet [35] ) between reference and neighboring features. Compared with the flow without PCD alignment, the flow of the PCD outputs is much smaller and cleaner, indicating that the PCD module can successfully handle large and complex motions.
TSA Attention Module. As shown in Table 4 (Left), with the TSA attention module, Model 4 achieves 0.14 dB performance gain compared to Model 3 with similar computations. In Fig. 9 , we present the flow between the reference and neighboring frames, together with the temporal atten-
GT Bicubic
EDVR (S1) EDVR (S2)
SR-Clean Track Clip 000
GT Input
Deblur-Clean Track Clip 015
Deblur-Comp. Track Clip 020 Figure 10 . Qualitative results of our EDVR method on the four tracks in the NTIRE 2019 video restoration and enhancement challenges. tion of each frame. It is observed that the frames and regions with lower flow magnitude tend to have higher attention, indicating that the smaller the motion is, the more informative the corresponding frames and regions are. Dataset Bias. As shown in Table 4 (Right), we conduct different settings of training and testing datasets for video super-resolution. The results show that there exists a large dataset bias. The performance decreases 0.5-1.5 dB when the distribution of training and testing data mismatch. We believe that the generalizability of video restoration methods is worth investigating.
Evaluation on REDS Dataset
We participated in all the four tracks in the NTIRE19 video restoration and enhancement challenges [29, 28] . Quantitative results are presented in Table 5 . Our EDVR wins the champions and outperforms the second place by a large margin in all tracks. In the competition, we adopt selfensemble as [42, 20] . Specifically, during the test time, we flip and rotate the input image to generate four augmented inputs for each sample. We then apply the EDVR method on each, reverse the transformation on the restored outputs and average for the final result. The two-stage restoration strategy as described in Sec. 3.4 is also used to boost the performance. As shown in Table 6 , we observe that the two-stage Fig. 10 . It is observed that the second stage helps recover clear details in challenging cases, e.g., the inputs are extremely blurry.
Conclusion
We have introduced our winning approach in the NTIRE 2019 video restoration and enhancement challenges. To handle the challenging benchmark released in the competition, we propose EDVR, a unified framework with unique designs to achieve good alignment and fusion quality in various video restoration tasks. Thanks to the PCD alignment module and TSA fusion module, EDVR not only wins all four tracks in the NTIRE19 Challenges but also demonstrates superior performance to existing methods on several benchmarks of video super-resolution and deblurring.
